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ABSTRACT
The study of forest fire activity, in its several aspects, is essencial to understand the
phenomenon and to prevent environmental public catastrophes. In this context the
analysis of monthly number of fires along several years is one aspect to have into
account in order to better comprehend this tematic. The goal of this work is to analyze
the monthly number of forest fires in the neighboring districts of Aveiro and Coimbra,
Portugal, through dynamic factor models for bivariate count series. We use a bayesian
approach, through MCMC methods, to estimate the model parameters as well as to
estimate the common latent factor to both series.
Keywords and key sentences: Dynamic latent variables; MCMC; bivarite Poisson distribution;
wildfires.
1. INTRODUCTION
Wildefires are a very common phenomenon in Portugal and each year, a large amount of forest
land is destroyed. In the years between 1996 and 2014, the average of fires were around 19 000 and
the annual average of burned forest area was around 108 000 ha ([1]). The scale of these values is
related with climate conditions, topography and also with a combination of various socio-economic
factors including the large scale replacement of native Portuguese forest by fire-prone tree species
(such as pine and eucalypt), which are more profitable, and the decline in traditional practices like
grazing and forestry which helped to reduced the accumulation of flammable materials ([5],[4]). Is
in this context that is extremely important to study forest fire activity in Portugal in its different
aspects in which is included the study of time series that result from this activity such as monthly
number of fires.
This work analizes the monthly number of forest fires in the neighboring districts of Aveiro and
Coimbra, Portugal. Since we have two neighbour regions in the study, we can use bivariate models
that allow potentially complex interdependence between series. As these data have a discrete
nature we have to use appropriate multivariate models to describe them. The work in [2] presented
a dynamic factor multivariate model to analyze Stock-Market Trading Activity. In this model,
counts are assumed to be conditionally independently distributed with a discrete distribution
whose averages are latent random variables which depend on a set of unknown factors which are
autoregressive gaussian processes of order 1. In this work it will be used a bivariate dynamic model
with one common latent factor and the temperature as an explanatory variable.
2. BIVARIATE DYNAMIC FACTOR MODEL
Consider a bivariate vector of counts Yt = (Yt,1, Yt,2), recorded at time t (1- Aveiro, 2- Coimbra).
In a dynamic multivariate count model the dynamics is introduced at the level of the latent
factors. Therefore counts are assumed to be conditionally independently distributed with Poisson
distribution
p(yt,j |λt,j) = e−λt,j
λ
yt,j
t,j
yt,j !
, t = 1 · · · , T ; j = 1, 2 (1)
whose means λt,j are latent random variables. Having into account the sample autocorrelation
functions in Figure , it is also also assumed that the logarithm of each component of the mean
vector, λt = (λt,1, λt,2), is a linear function of the type
ln(λt,j) = µt,j + γjZt + βjXt,j , j = 1, 2, (2)
where Zt is an unknown random factor which is common to both components of the vector of counts,
Xt,j is the monthly average temperature in region j and µt,j is the intercept which depends on
the month of the year, µt,j = µs,j × I(t = s + 12k), s = 1, 2, · · · , 12 and some natural k. It was
considered that γ1 = 1 for normalization and to eliminate indeterminacies in the factor scale.
Aveiro Coimbra
Figure 1: Monthly number of fires in Aveiro and Coimbra (top) and the respective sample auto-
correlation functions (bottom).
The possibility of serial and cross-correlation in the counts is introduced through the structure of
the latent factor Zt. It is assumed that the factor follows an AR(1) Gaussian process, Zt|Zt−1 ∼
N(φZt−1, σ2).
The estimation of the model can be made either in a classical framework, using maximum likelihood
estimation based uppon efficient importance sample, or through a bayesian approach, which will be
considered here. Considering θ = (θ1,θ2), θ1 = (µ,β) and θ2 = (φ, σ), the vector of all parameters
involved and h(θ) its prior distribution, and having into account that (Zt) is an unknown Gaussian
process, the prior distribution for the unknown components of the model can be written as h(θ, z) =
h(θ)h(z|θ2), so the posterior distribution of the unknown components can be obtained
h(θ, z|y) = h(θ)
∏2
j=1
∏T
t=1 f(z1)f(zt|zt−1,θ2)p(yt,j |λt,j)∫ · · · ∫ h(θ)∏2j=1∏Tt=1 f(z1)f(zt|zt−1,θ)p(yt,j |λt,j)dθdz . (3)
Since this distribution does not have a closed form, it will be use Markov Chain Monte Carlo
methods (MCMC).
3. APPLICATION TO FIRE ACTIVITY
The bivariate dynamic factor model for counts introduced in Section 2 is used to analyze the
dynamics and correlations of the monthly number of fires in Aveiro and Coimbra Counties in the
period of january 1980 to December 2002. Although the data on the monthly of fires are known for
a longer period of time, there are no available data about the temperature in the remaining period.
The descriptive statistics are presented in Table 1 and there exists a positive correlation between
series of counts. The estimation of the parameters of the model were made using a bayesian
Aveiro Coimbra
Mean 10.62 10.15
Median 5 6.5
standard dev. 11.49 10.66
Minimum 0 0
Maximum 31 31
correlation 0.74
Table 1: Descriptive statistics for the number of fires
approach, through the use of MCMC methods with Metropolis-Hastings algorithm, using Winbugs
software. Since we do not have prior information about parameters we used non-informative priors
for them. We considered that parameters were independent, and for σ2 we used the inverse Gamma
with both parameters 0.001 and for the remaining parameters we used a normal prior distribution
with a mean zero and a variance of 10000. A burnin period of 150000 were considered in order to
the chain reaches the steady state (we use the package coda in R software), and a lag of 1000 to
form a sample, with dimension 1000, from the posterior distribution. The results of the estimation
procedure are presented in Table 2 and Figure 2 presents the predictions of the latent factor with
95% HPD intervals. The standardized Pearson residuals (see Table 3) do not present significant
correlation but they present values of the means and standard deviations far from the expected
values, i.e., the characteristics of mean zero and standard deviation 1. It was also analized the
quantile quantile plot of randomized PIT residuals that revealed deviations from normality in the
left tail. In order to improve the modeling results one can use other discrete distribution such as
negative binomial, since dispersion index is equal to 1 in the Poisson distribution and also one can
adjust the structure of the factor Zt so it can capture all the dynamics in the series.
Parameters
City µ1 µ2 µ3 µ4 µ5 µ6 µ7
Aveiro 0.07134 0.9322 1.7120 1.6400 1.997 3.344 4.096
(0.01878) (0.02167) (0.0166) (0.0225) (0.01933) (0.0199) (0.02052)
Coimbra 0.8402 2.0760 2.1910 2.1510 3.3700 4.786 5.4460
(0.02167) (0.02131) (0.0249) (0.01763) (0.02338) (0.02668) (0.02951)
µ8 µ9 µ10 µ11 µ12 γ β
Aveiro 4.239 3.842 2.269 -0.4684 -1.124 1 -0.0499
(0.02066) (0.01973) (.01912) (0.01898) (0.01956) – (0.0005)
Coimbra 5.337 4.403 2.947 0.3264 -0.0.9631 0.9455 -0.1019
(0.0293) (0.0273) (0.02455) (0.02105) (0.02349) (0.00228) (0.0012)
factor parameters
φ σ DIC
0.8247 0.8585 2652.570
(0.0012) (0.0020)
Table 2: Parameter estimates (MC errors in brackets).
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Figure 2: Predictions of factor Z and the respective 95% HPD interval.
Distribution Region Standard Portmanteu test
Mean deviation p-value
Poisson Aveiro -0.105 0.8351 0.082
Coimbra -0.104 0.9276 0.239
Table 3: statistics of standardized Pearson residuals and Portmanteu test
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